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1. INTRODUCTION

With the growth of Electronic Health Record (EHR) data and other related health care databases,
there is a need to understand what information and knowledge the data represent. Visualization
offers an opportunity to explore and understand large amounts of datain unique and novel ways,
permitting one to view data without the bias of an a priori decision of what isimportant. We
hypothesize that data visualization is more effective than traditional methods of data exploration,
and that the type of visualization is highly dependent on the types of data and nature of the
gueries and what someone is trying to learn from the data. With TATRC support, we have used
retrospective data queries at Duke University to understand what information clinicians seek
from health care data, identify what data elements and mixtures of data classes (laboratory data,
medications, diagnoses, therapies, demographic data, problems, physical examination data, or
imaging data) are used in queries and what methods are used to analyze query results. We have
applied data visualization methods with specific data elements from multiple classes to test our
hypothesis and have reported some of our results at the annual American Medical Information
Association (AMIA) meeting (see Appendix). We are now beginning to test visualization of
mixed data classes.

2. BODY

Funding for this research began on February 24, 2013. We were unable to begin working with
actual clinical data, however, until the end of September 2013 due to adelay in approval from
the Human Research Protection Office (HRPO). Our timeline for completing our project
milestones and associated tasks by August 24, 2014, the date we were to complete this research,
was therefore delayed. We requested and received a no-cost extension to August 24, 2015 to
complete the project as planned using aslightly revised timeline. The milestonesin this report
are based on our revised timelines.

Research accomplishments associated with the tasks within each of our nine milestones are
detailed in 2.1 through 2.9. Section 2.10 describes future work to complete tasks and problems
encountered.

2.1. Obtain accessto queries of Duke’s Clinical Data Warehouse. STATUS of Milestone:
Compl eted.

At Duke we use an on-line query system called DEDUCE (Duke Enterprise Data Unified
Content Explorer) to access datain the Decision Support Repository, which consists of hundreds
of tables, some with hundreds of millions of rows of data, collected from over 3.2 million
patients at Duke. DEDUCE was operationalized in 2008 and has been upgraded numerous times
sinceitsinception.

DEDUCE isrecognized within the Duke medical community for its value in abstracting
information from the Data Repository, with users able to query approximately 10,000 data
elements and refine the query to facilitate exploration of aggregate clinical datain support of
operations, quality, and research. Output from the queriesisin the form of common-separated
values (CSV) files, ASCII files, Excdl files, or ssmple graphs. Every query is saved on a Duke
server. We requested and have been working with the retrospective query data from 01 Jan 2011
through 31 Jul 2013.



2.2. Develop classification for queries: STATUS: Completed.

e |dentify early use of data queries;

e Based on thereason for the queries, group them accordingly;

e Obtain accessto AHLTA de-identified data, and using work from the Duke queries
and classes, compar e for similarities and differences and revise classes as needed.

Last year we conducted a survey of DEDUCE users to identify what data users we seeking.
Results of this survey were reported in our 2014 Annual Report.

After an exhaustive review of the retrospective DEDUCE data queries and their structure, we
concluded that the queries are best organized in two broad groups: those requesting information
for research (with numerous variations of the type of research and purpose, e.g. cohort
identification or counts of patients to determine feasibility of participationin aclinical trial) and
those seeking information for quality improvement. Randomly investigating the data elements
proved to be overwhelming, as the amount of datain the queriesisimmense, making a manual
review beyond that we did unrealistic.

The visualization of DEDUCE we completed as we began this research is perhaps the most
useful way to understand the data elements used in the queries. Using a force-directed network
visualization, we used counts of the various data elements queried using DEDUCE and the users
to interactively explore the departments conducting queries, the data elements that were queried,
and the data elements that were used most frequently in addition to their correlations. We found
that data queries for research were the most frequent types of queries, with ICD9 codes and dates
of each encounter the most frequently requested data elements.

We also validated the importance of interactive visualization: visualizing the data provides more
information than a manual review of large amounts of data. The complexity of the data does
require the use of additive measures of points of interest. To see various correlations and
highlight the relationships among the data elements the visualization must provide away to
interactively highlight certain types of datato. A static view prevents a clear understanding of the
data being visualized.

Thereisalearning curve for users of DEDUCE, and the query tool constrains the types of data
that can be queried. It is obvious that more seasoned users of the system query more data than
newer users, which may be aresult of becoming more familiar with the tool itself. The
retrospective queries we looked at were through July 2013. Since thistime, revisions and
improvements to DEDUCE have continued and it is possible that retrospective data from July
2013 to the present might provide different results.

We had planned on using datafrom AHLTA to compare the Duke queries and classes for
similarities and differences. We were informed last year that AHLTA data would not be
available for our use, however. We obtained a synthetic dataset of 1 million patients devel oped
for the DoD, but found the data unsuitable. For example, everyone is listed with their home
address around the Bethesda area, and data values for HgA 1c are the same. We talked to the
developers of the data and found that data are constructed based on input from medical experts
who provide the devel opers with likely symptoms, diagnoses, and therapies. The developers can



customize the system to generate customized data for us, but it is a rules-based generation of
data. Because our research is based on the premise that visualization a priori of large data will
lead to discoveries not previously known, the synthetic data does not lend itself to our research.
Therefore, we continue to use data from the Duke Data warehouse and run queries on this datato
visualize and discover new knowledge. Our original plan wasto use AHLTA datato look at
people with adiagnosis of PTSD; we are now working with PTSD patient data from Duke

2.3. ldentify data elements used in queries: | dentify which queries should be most
meaningful to includein our analysisand theindividual resear cher s associated with those
gueries, and Group data elementsinto classes (e.g. laboratory data, demogr aphics,
medications). STATUS: Completed.

There are over 10,000 data elements that can be queried using DEDUCE and almost 600 users.
We had originally intended to group queries by the types of researchers running queries on the
data warehouse and to eval uate associated data el ements to assist us as we asked researchers to
evaluate the usefulness of various types of visualization. Many of the queriesin our retrospective
data were not actual queries, but tests by the developers of DEDUCE as they revised and
upgraded the tool. We also found repeated similar queries by the same person. Pediatricians
asked for ages in months, and most researchers wanted to know the ICD9 codes and dates of
encounters, or visits. Other than this, there are 500 data el ements—those available to researchers
prior to adding geospatial data, which happened after July 2013, the end date of retrospective
gueries we have been using. A random selection of retrospective queries found most to be used.
Data from several queries has been used to develop both standard and more advanced
visualizations, and we are in the process of formalizing these to be used in interviews, described
in 2.4 below.

As we conducted our own queries, we downloaded results from a query more than once as we
had guestions about different data elements, which is most likely the reason for the repeated
similar queries by the same person. Because al DEDUCE queries are saved for an audit trail,
there are many variable related to the queries and data elements. Without knowing the reason for
each query, we cannot tell why any of the data el ements were selected. We will include this
guestion in our interview schedule for interviews we will conduct next quarter.

2.4. Explore alternative visualization methods of the data. Clinicianswill use the Follow-up
Questionnaireto compar e alter nate visualization of the data to the original presentation of
the query data: STATUS: work is ongoing.

e Explorevisualization methods previously applied to health care;

e Conduct semi-structured interviewswith cliniciansto deter mine how the user
intended to usethe data from the query, the relevance of the query, and the
clinicians’ satisfaction and use of the information derived by the query;

e Develop visualizations of retrospective query data using standard visualization
techniques and novel visualization techniquesto share with clinicians; develop
visualizations of retrospective query data using standard visualization techniques
and novel visualization techniquesto share with clinicians;



e Develop a Follow-up Questionnaireusing a 5 point Likert scaleto be used in
resear cher evaluation of different visualization methods; and

e Combineinterview data with Questionnaire resultsto evaluate clinical relevance of
the visualization methods.

A systematic literature review of visualization methods previously used in health care was
conducted in the spring 2013. Results from this review were published online firstin JAMIA .2
(See Appendix for copy) The journal publication is expected by the end of March 2015.

Aswe waited for HRPO approval to use data, we conducted an online survey instead of
conducting interviews as planned and reported results in last year’s Annual Report. We aso
asked the usersif they would be interested in working with us further on this project. Of the 61
responders to the survey, there were 34 people who provided us with contact information and
indicated awillingness to be contacted individually, and are in the process of setting up
interviews with these people.

Several visualizations have been devel oped with select retrospective query data, including bar
charts, heat maps, and tree maps. We are in the process of developing radial coordinates, parallel
sets, and path map visualizations using the same data. We expect to have a portfolio of various
visualizations for evaluation during semi-structured interviews with respondents. Using
REDCap, we are finalizing a questionnaire that will be used to by the respondents to evaluate
each visualization method using a 5-point Likert scale.

2.5. Modify or revise classification and data elements of queries based on analysis of the
relevance of the visualization methods. STATUS: Work has not yet begun, pending
completion of Milestone 4.

2.6. Create a matrix of best visualization techniques. STATUS: A matrix of best visualization
techniques will be completed when we have clinician input regarding the various techniques
used.

2.7. Explorewaysto mix different types of datain visualization. Develop parallel-
coor dinates visualization of data. STATUS: Work is ongoing.

We have continued exploring ways of mixing different types of data, including improving the
integration of numerical and categorical datain our Radial Coordinates visualization, integrating
temporal and categorical information in our visualization of diabetes-related data, and
experimenting with the visualization of textual information from the literature related to
visualization in health care.

Radial Coordinates

To enhance the ability to perceive relationships with categorical axesin our radial coordinates
visualization tool, we have devel oped an automatic categorical axis reordering technique.



Because (unordered) categorical data by definition has no inherent ordering to the data values, it
is possible to reorder the values per categorical axes without hindering interpretation of the
values at that axes, which would not be the case with numeric data. Our technique reorders the
categorical values based on the proportion of user-selected subpopulations with that value,
causing categorical values with similar distributions to be located next to each other, enabling the
user to more easily perceive similar categorical values with respect to the currently selected
subpopul ations.

Figure 1 provides an example of automatic categorical axis reordering. Figure 1a shows an
overview of the radial coordinates visualization of 147 Primary Care Trusts (regional health care
administrative bodies) in England. Twenty-six variables, such as cancer rates and socioeconomic
factors, are represented by the radial axes, with each PCT represented by a curve connecting its
value at each axis. Highlighted are the ONS Area Class Group axis, alocal regional
classification (e.g. Manufacturing Towns and Coastal and Countryside) from the Office for
Nationa Statisticsin the United Kingdom, and the lung_Combined_DSR axis, representing lung
cancer rate in each PCT. Figure 1b shows a close up of the ONS Area Class Group axis. In
Figure 1c, the user has created two subpopul ations with high (red) and low (blue) lung cancer
rates. Reordering the categorical valuesfor ONS Area Class Group in Figures 1d and 1e make
apparent that Industrial Hinterlands, Centres with Industry, Regional Centres, and
Manufacturing Towns have the highest proportion of high lung cancer rate, whereas Prospering
Smaller Towns, Prospering Southern England, London Suburbs, and Thriving London Periphery
have the highest proportion of low lung cancer rate (New and Growing Towns at the bottom has
no PCTswith high or low lung cancer rate). Categorical axis reordering thus aidsin interpreting
the relationship of other axes, including numeric axes, with categorical data. Thisis further
explained in a paper presented to the 2014 Workshop on Visual Anaytics, held in conjunction
with the AMIA 2014 annual meeting.®



Figure 1: Radial coordinates with automatic value reordering of categorical axes



Temporal Visualization of Diabetes Data

We have developed atool for the visualization of disease trgjectories over time based on the
parallel sets* visualization technique (Figure 2). For this technique, we used DEDUCE data from
aquery on patients with type 2 diabetes. Of interest in thiswork is that visualization of HgA1c
values shows alarge number of patients have lab values that return to normal in the last six
months of life. We presented this work during the 2014 Workshop of Visual Analytics, held in
conjunction with the AMIA 2014 annual meeting.>®

In this visualization we align patients diagnosed with diabetes by death at the right, and visualize
the paths of the HbA 1c values of groups of patients going back in time from death, categorizing
their lab values as Normal, Borderline, Controlled, and Uncontrolled. Datafor the 535 patients
is sampled every 6 months, and the users can control the sampling rate of the visualization above
that. Figure 2a shows how much variability there can bein HbA1c values, and also shows atrend
towards normalization at death (the green Normal section of the vertical axis at death is much
larger than at the previous sample two years before death. The user can select any part of any
path through the data to highlight that data and show the number of patients and percentage of
the total represented by that path. Figure 2b highlights all patients with Normal HbA1c values at
death, illustrating how many patients moved towards Normal at death.

Figure 2: Parallel sets visualization of HbAlc values over time in diabetic patients.



We have added various controls to this visualization, such as the ability to show trajectories
moving forward in time, Figure 3, where we compare the forward trajectories of patients who
remained Uncontrolled (red) from -10 yearsto -4 years to those that remained Normal (green)
from -10 yearsto -4 years.

Figure 3: Comparing forward trajectories of Uncontrolled (red) and Controlled (green) starting 4 years
before death.

We have a so added the ability to incorporate non-temporal data, such as age, gender, and race,
with our temporal visualization. Parallel setsis designed to enable the visualization of categorical
data, so numeric data, such as age, must be transformed to an (ordered) categorical variable (e.g.
decade). Categorical data can then be incorporated as additional vertical axes (Figure 4).

Figure 4: Adding numeric (Age) and categorical (Gender) axes. Here we compare the HbA1lc
trajectories between death and two years prior to death for males (yellow) and females (purple) in
their 80s.



One of the advantages of the parallel sets temporal visualization isits ability to represent large
numbers of patients, as paths are drawn for groups of patients with the same trgjectory, with path
width encoding relative number of patients with that path. A disadvantage of this visualization is
the increased splitting of paths as more temporal samples are added, making it difficult to follow
individual paths (Figure 5).

Figure 5: Parallel sets temporal visualization showing 15 years of data, sampled every 6 months.

We have therefore devel oped another temporal visualization technique, path maps, to enable
enhanced perception of individual paths while still showing overal trends in the data. Our path
map visualization is based on the heat map’ technique, consisting of a 2D grid with each data cell
assigned a color based on value and modifications specific for temporal data.

Figure 6 shows our path map visualization applied to the same data used for the parallel sets
temporal visualization. Figure 6a shows the main path map visualization. Each row isan
individual patient, and each column is atemporal sample point (every 6 monthsin this case),
with data aligned by patient date of death on the right. The ragged left edge shows that patients
had differing temporal ranges of data collection. HbA 1c value categories are mapped color, with
Normal as pale yellow through Uncontrolled as dark red. Figure 6b shows the distribution of
each category across all temporal samples per patient, Figure 6¢ shows the distribution of each
category across al patients per temporal sample, showing overall trends in the data, and Figure
6d shows the distribution of each category across all patients and temporal samples. A key
feature of the path map visualization is how patients are sorted vertically. The user can click in
any column to select that temporal sample, causing al patientsto be sorted by their value at that
sample. In Figure 6a, the user has selected a sample 5 years before death, highlighted by the
black vertical lines. Black horizontal lines help the user visually segment the sample before and
after the selected sample, with the pattern of colorsin each segment showing the distribution of
values. Various sorting methods can be used after sorting by the selected temporal sampleto
bring out different features of the data. Figure 6a uses a weighted average around the selected
sample, whereas Figure 6e sorts first by the selected sample, then moving backwards from the



last sample. This method enables us to clearly see, for a given data value at a given time point,
where those patients ended up. This datais emphasized by the thin colored lines within the
highlighted column, which are colored by value at the last sample. For example, we can see that
many more Uncontrolled patients ended up Normal than vice versa.

Figure 6: Path map temporal visualization tool

Although currently we do not incorporate other data, such as age, gender, or race, we anticipate
doing so in two manners. One would include adding columns for each additional variable,
similar to the technique used for the parallel setstemporal visualization, and the other would use
asupplementary linked view, such asradia coordinates, in which patients could be selected in
either view, and highlighted in the other.
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Visualization of Free Text

Although not directly related to visualization of patient data, we have also experimented with
visualizing free text data taken from the visualization in health care literature. Such
visualizations could be useful with regards to patient notes. An abstract for a poster presentation
of thiswork has been accepted for presentation at the AMIA Summitsin San Francisco March
25, 1013.

Figure 7 shows a linked view visualization of documents, document clusters, topics, and terms,
extracted from atextual analysis of the visualization in health care literature.

Figure 7: Visualization of visualization in health care literature

In Figure 8, the left view shows a scatter plot of documents based on single value decomposition,
surrounded by colored clusters and grey topics. The right view shows terms associated with
clusters and topics. Selecting any term highlights the documents, clusters, topics, and terms
associated with that term.
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Figure 8: Selecting the term “patient” highlights all clusters and topics with that term, and all
documents related to those clusters and topics.

Radial Coordinates

During the past year we have added features to our d3-based radial coordinates visualization
tool, including correlation-based axis clustering, direct visualization of correlations via curved
chords, and PCA-based scatterplots. This datais currently computed in R, and then loaded into
the data visualization tool. Figure 9 shows these features applied to Primary Care Trust data from
the NHS, with red chords connecting clusters of highly correlated axes, and a central scatterplot
with linked selection to the radial coordinate curves.
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Figure 9: Radial coordinates visualization, showing PCA scatterplot (1) and correlation chords (2) in the
central region.

We are in the process of applying our radial coordinates visualization to data sets resulting from
DEDUCE data queries, for comparison with standard visualization approaches. Figure 10 shows
an example ribbon rendering relating variables such as inpatient length of stay, age in years,
admit location, and drug strength.
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Figure 10: Radial coordinates visualization of data resulting from DEDUCE queries.

In the previous year we incorporated into our radial coordinates visualization tool axis
distribution visualizations based on numeric type (continuous, discrete, categorical), represented
by a stacked bar chart, histogram, and quartile plot respectively. These summary statistic
visualizations enable visualization of the overall population distribution per axis. We also
incorporated ribbon rendering to show distributions of user-sel ected subpopulations.
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This year we have applied our radial coordinates visualization to data from the United
Kingdom’s National Health Service. The summary statistic visualization methods were shown to
be useful in discovering a London suburb with a much higher esophageal cancer rate than other
London suburbs (Figure 114a), and two health practices with much higher rates of a number of
medical problems than other practices (Figure 11b). Our paper “Multivariate visualization of
system-wide National Health Service data using radial coordinates” (See Appendix) provides
more details.

Figure 11: Radial coordinates visualization of Primary Care Trust (a) and practice-level (b) data in from
the United Kingdom’s National Health Service, using summary statistic visualization to discover
interesting patterns in the data.

We have a so begun work on connecting R to d3 viathe Shiny library, and are able to calculate
summary statisticsin an R server on demand, and pass that data to a d3 visualization. We have
not incorporated this ability fully into any of our visualizations, but anticipate use of this
technique as we work with larger data sets.

2.8. Add supplemental data-dependent linked views of the data based on matrix of
visualization techniques. Experiment with different layout patternsfor parallel
coordinates. STATUS of Milestone: Work isin process.

We have incorporated linked views into many of our visualization tools, such asthe PCA
scatterplot and radial view in our radial coordinates tool, and the smaller summary views linked
to the main view in our path map tool. However, these tools all currently use linked views within
the given visualization component. Our tool for visualizing the visualization in health care
literature utilizes two separate components, a document view and aterm view, linked together
using D3’s d3.dispatch object, a lightweight mechanism for loosely coupled components, such
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that each component can listen to events from the other. Using this framework, we intend to
more fully incorporate linked views such as linking selection between atemporal visualization,
e.g. path map, and a multivariate visualization, e.g. radial coordinates.

We previously experimented with a “stair-step” layout of axes in an R-based prototype, but
concluded that it was more confusing than a standard parallel layout. Our radial coordinates
layout has proven useful for the visualization of large numbers of variables while maintaining a
Sguare aspect ratio. It also enables the use of the central region for supplemental visualizations,
such as a PCA scatterplot of data entities, and chords showing correlations between axes (Figure
11 shows PCA scatterplot (a) and correlation cords (b) in the central region).

2.9. Completetesting visualization using PTSD. STATUS Work is ongoing.

Our experience with visualizing other health-related data sets, such as our radial coordinates
multivariate visualizations of NHS data, and our paralel sets and path map temporal
visualizations of diabetes data lays the groundwork in visualizing PTSD data. We will extend
our radial coordinates visualization to work with larger data sets; as we add data el ements to the
visualization, the PTSD data may contains so much data that performance of the radial
coordinates visualization will suffer. Our ribbon rendering technique provides a means for
showing the distribution of user-defined subpopulations, so we plan on extending that technique
such that it does not rely on each individual curve being drawn. The other major component that
we will be adding islinking views to enable “drilling-down” into the data for each axis, for
example, showing a parallel sets or path map visualization when selecting an axis with temporal
data. Our experience designing linked viewsin our tool for visualizing the visualization in health
care literature will prove useful here.

2.10. Future Work.

We will conduct interviews of users to evaluate the value of different visualizations and
determine user responses to advanced visualizations of health care data. We will analyze the
interview data using NVivo software.

We will finish adding additional variable to the diabetes visualizations and plan to submit a
clinical manuscript to describe how visualization of 1ab values has discovered unexpected
results: alarge number of type 2 diabetic patients have normal HgA 1c levels towards the end of
life.

We will apply our radia coordinates visualization technique to PTSD data, incorporating linked
views to enable drilling down into axes of interest, such as applying our temporal parallel sets or
path map visualization to axes with temporal data. In addition, we will modify our radial
coordinates visualization as necessary to handle any issues that arise with the PTSD data. These
maodifications may include changes to our ribbon rendering technique to enable the visualization
of user-defined subpopul ations without drawing curves for each data element, and using an R
server via Shiny for calculating summary statistics for large data sets.
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3. KEY RESEARCH ACCOMPLISHMENTS
The key research accomplishments emanating from this research to date are as follows.

e Completed classification of queries as those seeking information for research and those
seeking information for quality improvement.

e Validated importance of interactive visualizations: force-directed network visualization
provided information about DEDUCE queries that we were unable to find in a manual
review.

e Found that visualization of HgA1c values of type 2 diabetic patients showed many more
patients’ blood levels normalized during the last 6 months of life, an unexpected result that
we continue to investigate.

e Haveincorporated axis clustering, correlation chords, and PCA scatterplot in d3-based

radial coordinates visualization.

Added automatic categorical axis value reordering to radial coordinates visualization.

Developed d3-based paralld setstempora visualization tool using diabetes data.

Developed d3-based path map temporal visualization tool using diabetes data.

Developed d3-based linked views for visualizing the visualization in health care literature.

Completed proof-of-concept connecting R Shiny server to d3.

4. REPORTABLE OUTCOMES
The past year we report the following reportabl e outcomes.

4.1. JAMIA Publication

We submitted a manuscript to JAMIA’s call for its Special Issue on Visual Analytics in
Healthcare, The paper describes the systematic review of the literature we conducted last year to
identify how visualization is used with health care data. Entitled Innovative Information
Visualization of Electronic Health Record Data: A Systematic Review, it was accepted for
publication. The Online First version for this Open Access article was published at the end of
October; the journal is scheduled for release in March. (Copy in Appendix)

4.2. Abstracts and podium presentations

In itsfifth year, the 2014 Workshop on Visua Analyticsin Healthcare (VAHC 2014) was held in
conjunction with the American Medical Informatics Association (AMIA) Annual Symposium in
Washington, DC 15-19 Nov 2014. This day long Workshop provided an opportunity for
participants to discuss visualization techniques, software applications, and datasets that are being
used in various health care settings. We submitted two abstracts for peer review, both accepted
as podium presentations: Temporal Visualization of Diabetes Mellitus via Hemoglobin Alc
Levels and MultivariateVisualization of System-Wide National Health Service Data Using Radial
Coordinates. (Copiesin Appendix)

4.3 Abstract and demonstration

During VAHC 2014, a peer-review abstract was accepted as a demonstration for the afternoon
session: Demonstration of Temporal Visualization of Diabetes Mellitus via Hemoglobin Alc
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Levels. During the demonstration, participants saw the data visualization techniques used for the
diabetes mellitus abstract noted above. (Copy in Appendix)

4.4 Abstract and podium presentation: AMIA 2014 High School Scholars: Building New
Pathsto Biomedical I nformatics Education

AMIA 2014 for the first time included a session for high school students who have participated
in research with biomedical informatics programsin the U.S. In the summer 2014, a high school
student worked with our research team and submitted an abstract and slides for peer review by a
panel of AMIA members. She was one of six students selected to present the research she had
been working on. Her presentation was entitled: Exploring Novel Visualizations of Survey Data
from Users of Electronic Health Records. (Copy in Appendix)

4.5 Abstract for poster presentation: AMIA Summits 2015

We submitted an abstract for a poster presentation at the AMIA Summits 2015 in San Francisco.
Entitled Visualization of the Healthcare Visualization Literature, it has been accepted for
presentation on March 25.

5. CONCLUSION

The objective of our research is to explore interactive visualization of large sets of health data to
provide better understanding of what is in the data. In the past year we have presented radial
coordinates, a multivariate visualization technique based on paralel coordinates that
incorporates features, such as per-axis population distribution visualizations based on data type
(continuous, discrete, and categorical), direct visualization of correlations between variables,
curve spreading for discrete and categorical data, visualization of summary statistics for user-
selected subpopulations via ribbon rendering, and automatic reordering of categorical values
based on user selection, driven by the needs of health-related data visualization. Using data from
the BTS, we have illustrated the utility of the combinations of visualization techniques embodied
inour radial coordinates tool.

Our hypothesis is that data visualization is more effective than traditional methods of data
exploration, and that this type of visualization is highly dependent on the data and nature of the
gueries and what someone is trying to learn. We have been successful in visualizing HgA1c
values of type 2 diabetes patients, with surprising results: the HgA1c values normalize during
the last six months in a much larger population of the patients than expected. We will continue
to add variables to this visualization and increase the number of patients to validate this finding.

We are excited about our results to data, and realize that much more can be accomplished by
adding of other classes of data elements to visualize. For example, does environmental data
increase the certainty of certain diagnoses? Does aggregation of patient data across sites of care
increase the certainty value of diagnoses? What do genomic data and biomarkers add to the
diagnosing certainty? What do patient reported outcomes contribute to diagnosing, determining
the correct treatment, and caring for a patient? We propose that future research is needed to
understand how to assign weighting factors and how to use this approach in a patient centric
environment. We hope to continue our research when the current project is completed.
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Innovative information visualization of electronic
health record data: a systematic review

Vivian L West," David Borland,> W Ed Hammond'

ABSTRACT

Objective This study investigates the use of
visualization techniques reported between 1996 and
2013 and evaluates innovative approaches to
information visualization of electronic health record
(EHR) data for knowledge discovery.

Methods An electronic literature search was conducted
May—July 2013 using MEDLINE and Web of Knowledge,
supplemented by citation searching, gray literature
searching, and reference list reviews. General search
terms were used to assure a comprehensive document
search.

Results Beginning with 891 articles, the number of
articles was reduced by eliminating 191 duplicates. A
matrix was developed for categorizing all abstracts and
to assist with determining those to be excluded for
review. Eighteen articles were included in the final
analysis.

Discussion Several visualization techniques have been
extensively researched. The most mature system is
LifeLines and its applications as LifeLines2, EventFlow,
and LifeFlow. Initially, research focused on records from
a single patient and visualization of the complex data
related to one patient. Since 2010, the techniques under
investigation are for use with large numbers of patient
records and events. Most are linear and allow interaction
through scaling and zooming to resize. Color, density,
and filter techniques are commonly used for
visualization.

Conclusions With the burgeoning increase in the
amount of electronic healthcare data, the potential for
knowledge discovery is significant if data are managed
in innovative and effective ways. We identify challenges
discovered by previous EHR visualization research, which
will help researchers who seek to design and improve
visualization techniques.

BACKGROUND AND SIGNIFICANCE
In 2004 a presidential executive order, ‘Electronic
Health Records (EHRs) for All Americans’, laid out
tenets to improve the quality and efficiency of
healthcare, with one goal being accessible EHRs for
most Americans within 10 years." * In September
2009, years of research and policy work culminated
in the Health Information Technology for
Economic and Clinical Health Act (HITECH Act)
allocating $19.2 billion in incentives to increase the
use of EHRs by hospitals and health delivery prac-
tices. The latest report from the Centers for
Medicare and Medicaid Services (CMS) found that
approximately 80% of eligible hospitals and over
50% of eligible professionals had received incentive
payments from CMS for adopting EHRs.’

With the burgeoning amount of electronic data,
the potential for knowledge discovery is significant

if the large amounts of data are managed in innova-
tive and effective ways. This review investigates
data visualization techniques reported in the health-
care literature between 1996 and 2013, aiming to
evaluate innovation in approaches to information
visualization of EHR data for knowledge discovery.

Historical background

The graphical visualization of data dates back to
the later part of the 18th century when William
Playfair is credited with the first use of line graphs,
pie charts, and bar graphs. Playfair, an engineer
and economist, considered charts and graphs the
most effective way to communicate information
about data.* In 1786, he published The statistical
breviary; shewing, on a principle entirely new, the
resources of every state and kingdom in Europe;
illustrated with stained copper plate charts, repre-
senting the physical powers of each distinct nation
with ease and perspicuity, stating that by graphically
representing data, the reader can best understand
and retain the information.’

A widely recognized visualization is a two-
dimensional graph using time, temperature, and
geography showing Napoleon’s march on Russia in
1812. This linear graph, published by Charles
Minard in 1861, shows the movement of
Napoleon’s army across Russia to Moscow and
back to Europe (figure 1).

The horizontal axis of the graph is marked with
temperatures below freezing as they returned. The
width of the line depicting the army is scaled, illus-
trating the decline in the number of men returning
from war as the temperature decreased, which can
be easily compared to the size of the army as they
set out in 1812. Tufte and Graves-Morris point out
that Minard’s innovative graph relies on six vari-
ables: size (of army), latitude and longitude (where
the army was), direction (that army was moving),
location (at certain dates), and temperature (where
the army was).®

One of the first effective means of using medical
data to generate knowledge was developed in 1858
when Florence Nightingale used a polar-area
diagram (also called a coxcomb chart) to demon-
strate the relationship between sanitary conditions
and soldiers’ deaths compared to death from battle-
field wounds (figure 2).” ®

Since then, standardized charts and graphs have
been used for specific types of healthcare data to
quickly determine the need for appropriate inter-
ventions. For example, graphing vital signs data can
quickly identify a rise or fall in physiological data,
indicating the need for an intervention and demon-
strating the effectiveness of the intervention; and
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Figure 1 Translation: ‘Figurative chart of the successive losses in men by the French army in the Russian campaign 1812-1813. Drawn up by
Mr. Minard, inspector-general of bridges and roads (retired). Paris, 20 November 1869. The number of men present is symbolized by the broadness
of the colored zones at a rate of 1 mm for ten thousand men; furthermore, those numbers are written across the zones. The red [note: gray band
here] signifies the men who entered Russia, the black those who got out of it. The data used to draw up this chart were found in the works of
Messrs. Thiers, de Ségur, de Fezensac, de Chambray and the unpublished journal of Jacob, pharmacist of the French army since 28 October. To
better represent the diminution of the army, I've pretended that the army corps of Prince Jerdme and of Marshall Davousz which were detached at
Minsk and Mobilow and rejoined the main force at Orscha and Witebsk, had always marched together with the army.” Public domain (U.S.) image
via Wikimedia Commons. Available at http://commons.wikimedia.org/wiki/File:Minard.png (accessed 21 July 2014).
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Figure 2 Florence Nightingale's coxcomb chart representing causes of death each month between April 1854 and March 1856 during the Crimean
War. The large outer gray bands represent deaths attributed to lack of sanitation in the wards, the lighter gray middle bands to death from wounds
during the war, and the darkest inner bands to other causes. Public domain (U.S.) image via Wikimedia Commons. Available at http://commons.
wikimedia.org/wiki/File:Nightingale-mortality.jpg (accessed 21 July 2014).
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Fishbone diagrams are commonly used graphic representations
of laboratory results.

A plethora of scales, shapes, and colors have been used with
both small and large datasets rendered as visual diagrams such
as bar charts, line graphs, scatterplots, and pie charts to reveal
patterns leading to knowledge discovery. Industries such as
finance, accounting, and the petroleum industry routinely use
information visualization, defined as ‘interactive, visual repre-
sentations of abstract data to amplify cognition’,” using innova-
tive approaches that account for both the volume and
complexity of their data. In the healthcare field, however, appli-
cations of advanced visualization techniques to large and
complex EHR datasets are limited.

Data in healthcare

In 1994, Powsner and Tufte'” proposed summarizing patient
status with test results and treatment data plotted on a graph. This
was one of the earliest examples of using several diverse datasets in
medical records to visualize information. Also in the 1990s,
Plaisant et al'" developed LifeLines as a means to visualize patient
summaries using several different graphical attributes, for example
colors and lines depicting a patient’s discrete events. Furthermore,
Shahar and Cheng'* '* developed Knowledge-based Navigation of
Abstractions for Visualization and Explanation (KNAVE) as a
means to explore time-oriented, semantically-related concepts.

Clinical records by nature contain longitudinal data of patient
visits over time, with records of changing problems, medica-
tions, treatments, and responses related to evolving health
status. Graphs are routinely used to illustrate data in a way that
comparisons, trends, and associations can be easily understood.
In healthcare studies, the use of graphs with time as the horizon-
tal axis to display various types of data has been increasing, and
several well established visualization tools have been developed
using temporal data, with LifeLines/LifeLines2'’ '*'¢ and
KNAVE/KNAVE-II/VISITORS'"*° the most widely reported.
When querying ‘longitudinal studies’ in PubMed, 7071 publica-
tions were found in 1983, with the number consistently rising
through the following 30 years to 45 821 studies published in
2013.

Longitudinal data from EHRs displayed through innovative
visualization techniques has tremendous potential for discover-
ing useful information in the data. Until health record data
became widely available electronically, however, there was little
emphasis on using such large and complex datasets. We argue
that EHR data is actually a new kind of data that requires new
visualization techniques beyond graphs and charts to accommo-
date the size of the dataset and explore the contents of the data.

Exploring EHR data with visualization techniques other than
tables, graphs, and charts is a nascent approach to understand-
ing the information in EHRs. A comprehensive monograph by
Rind et al*! focuses on a survey of visualization systems and cri-
teria typically used by designers of systems. A book by Combi
et al,>* and two book chapters®® ** also describe several of the
visualization systems reported in the literature. We report our
results from a systematic review that describes how innovative
visualizations are being used with large and complex EHR data
as a means to present or ‘discover’ information without specific
hypotheses.

Objectives

The aim of this review is to investigate the visualization techni-
ques that have been used with EHR data and answer the follow-
ing questions:

» What is the prevalence of the use of information visualiza-
tion with EHR data?

» Are techniques being used for knowledge discovery with an
entire EHR dataset?

» What has been learned from research on visualization of
EHR data?

METHODS

We conducted a systematic literature review following the
Preferred Reporting Items for Systematic reviews and
Meta-Analysis (PRISMA) statement.”> Our review was limited
to articles published between 1996 and 2013. We began with
1996, the year one of the largest healthcare systems in the USA,
the Veterans Health Administration, first mandated the use of
EHRs.”® The Health Insurance Privacy and Portability Act
(HIPPA) of 1996 was also enacted to provide security of indi-
vidually identifiable health information, with a consensus that
EHRs would be the most effective way to assure compliance
with HIPPA. It is also the year when the first study using
visualization with complex data (medical records histories and
associated longitudinal data) was published by Plaisant et al.''
This time interval enables us to construct the historical timeline
for the use of information visualization in healthcare, particu-
larly as data have become more common electronically due to
the legislative requirement for conversion to EHRs.

An electronic literature search was conducted in May—July
2013 using MEDLINE, the most frequently used reference data-
base in healthcare, and Web of Knowledge. This was supple-
mented using citation searching and gray literature searching.
Reference lists from highly relevant articles were also reviewed
to find additional articles. Broad keywords were used to assure a
comprehensive document search (see table 1).

Inclusion and exclusion criteria

Articles had to include the use of EHR data using innovative
visualization techniques, or describe developing techniques that
would be applied to EHR data. We define EHR data as data in
electronic clinical records that contain clinical information (eg,
demographics, problems, treatments, procedures, medications,
labs, images, providers) collected over time that can be shared
among all authorized care providers. We define innovative visua-
lizations as visualizations other than standard graphs tradition-
ally used for displaying healthcare information (such as bar
charts, pie charts, or line graphs) that use complex data, which
we define as data with multiple types of variables and many
data points, resulting in an exceptionally large amount of data,
such as that in an entire EHR. We were interested in any innova-
tive visualization technique for vast amounts of information that
might be the foundation for an interactive system; therefore,
although interaction is a key characteristic of information visual-
ization, we included articles describing static visual

Table 1 Search terms used in search

Keyword Boolean Additional keywords

Information visualization

Information visualization AND Health data, electronic health record,

electronic medical record

Big data, clinical data, health data,
health care data, healthcare data,

electronic health record, electronic
medical record

Visualization AND
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representations of large amounts of EHR data in addition to
interactive visualizations.

Articles were excluded if they related to animals or plants,
were position papers describing the need for visualizing data or
ideas for techniques in visualization, or did not describe specific
techniques used for the visualization or have figures showing the
results from visualization. The literature is replete with articles
on visualization in genetics, syndromic surveillance, and geospa-
tial environmentally aware data, which we also did not include
in our review because we were focused on clinical EHR data as
defined above. There were many articles on the technical details
related to visualization techniques, which did not fit our target
for studies explaining how clinical data is used in visualization;
these were also excluded.

Article selection and analysis

The authors, title, journal, year of publication, and abstract for
each article were collected in an Excel spreadsheet. To identify
key themes for matrix analysis, the first 50 abstracts and titles
were reviewed; 11 themes were identified. These themes were
then added to the spreadsheet to form a matrix for reviewing
and categorizing all abstracts and to assist with determining
which should be excluded.

After reviewing all abstracts and eliminating those categorized
with exclusion criteria or lacking inclusion criteria, full articles
of the remaining were read for eligibility. Our primary interest
in conducting the study was to understand what innovative
information visualization techniques in healthcare have been
reported using EHR data since 1996. The review is not a
meta-analysis and does not include a statistical analysis. The
objective of the study was to investigate the prevalence of infor-
mation visualization techniques used with EHR data, therefore
we did not conduct a risk of bias assessment.

RESULTS

A total of 847 references were retrieved from our initial search
of electronic databases, specifically MEDLINE (PubMed and
PMC) and Web of Knowledge. A search of the gray literature
and hand-searching references from articles yielded an add-
itional 44 papers. All abstracts were reviewed, with duplicates
removed (n=191). We then excluded 666 articles because the
visualizations discussed were diagnostic, did not relate to EHR
data, focused on animals or plants, used genomics data, dis-
cussed geospatial data or syndromic surveillance, were position
papers suggesting the need for visualization or describing a
potential visualization technique, or were primarily discussions
of the technical details of visualization.

The full text of each of the remaining 34 articles was then
read; 16 of these articles were excluded (table 2 lists for reasons
for exclusion). Results of the screening process in the analysis
are noted in the flow diagram in figure 3.

Eighteen articles were included in the qualitative synthesis.
The online supplementary table S3 summarizes those
included. 1! 14-20 27-36

The studies reviewed describe prototypes in various stages of
development. Four of the articles describe LifeLines, the most
advanced application, with its continued revisions and applica-
tion in various populations. First described in 1996 by Plaisant
et al,'! LifeLines was developed as a prototype using data from
the Maryland Department of Juvenile Justice to provide a visual
overview of one juvenile’s record on a single screen. LifeLines,
using electronic health data, provides a timeline of a single
patient’s temporal events; time is represented on the horizontal
axis, and events (problems, allergies, diagnoses, complaints,

Table 2 Articles excluded from analysis

Reason for

exclusion No. Explanation

Article not applicable 9 Articles are medical guidelines, no visualization is

described, or articles describe process

Visualization not 1 Does not use EHR data
applicable

Geospatial 1

information

Genetics 1

Position paper 3 Ideas for visualization
Technical 1

Total 16

EHR, electronic health record.

labs, imaging, medications, immunizations, communication) are
listed vertically.

LifeLines evolved to LifeLines2 and the use of multiple
patient records. LifeLines2 research found that users want to see
both numerical and categorical data, and that the ability to drill
down into details when looking at patient records is an import-
ant feature.'® Several other visualization techniques have been
developed by this team using multiple records, for example
LifeFlow,*" developed for use with millions of patient records
visualized on a single page that allows the user to see trends and
evaluate quality of care. Using LifeFlow, new users can easily
explore the data to understand patterns and trends at a high
level.

Four articles'’?° describe a second innovative visualization
called VISITORS, or Visualization of Time-Oriented Records.
VISITORS is based on earlier work of Shahar and colleagues,
whose research conceptualized clinical data (eg, multiple mea-
sures of temperature over time) summarized into abstractions (in
this case, fever). This was KNAVE'”; KNAVE-II is a later
enhancement.'® Like LifeLines, VISITORS applies what
researchers learned in earlier applications for a single record to
develop an application that accommodates diverse temporal
data from multiple records. Usability testing found the system
feasible for exploring longitudinal data for quality or clinical
results. The interface used with VISITORS was deemed to need
simplification, in spite of the short time it took for users to
learn how to use the system.

One article that we might have excluded used relatively
simple linear graphs to illustrate the correlation of abstract con-
cepts with laboratory values.”” The data used in the analysis are
from the 3 million patient EHRs for New York Presbyterian
Hospital, promising complexity in the data. Both factors, EHR
data and complex data, are inclusion criteria; therefore, the
study was included in the final analysis. Seven laboratory tests
and sign-out notes used primarily by residents to assist overnight
staff caring for inpatients were abstracted. From the sign-out
notes, 30 clinical concepts were identified using pattern match-
ing, and then correlated with normalized lab values graphed on
a timeline. The research showed the value of using time in the
correlation, and the value of using aggregated data from many
records versus a single record. It also demonstrates how tem-
poral patterns can be visually found in EHR data using pattern
matching and temporal interpolation.

A different approach is proposed by Joshi and Szolovits™*
using a radial starburst to show the complexity of data repre-
sented over a 100-dimensional space. The complexity is reduced
by using machine learning to group similar clusters of patients
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Figure 3  Flow of information
through the different phases of
systematic review. Adapted from the
Preferred Reporting Items for

Becords iderified theouph
databaie searchng

Additional records identified
through clher st ps

Systematic reviews and Meta-Analysis
(PRISMA) group.”®

characterized by eight physiological foci to allow a user to look
at one patient and evaluate the severity of that patient’s condi-
tion. This is an example of using a very large set of data, or the
EHR ‘big data’ as a clinical decision making tool. Although it is
a static representation, Joshi and Szolovits provide a visual rep-
resentation with an interesting presentation of complex data
that has potential as a foundation for an interactive system with
interactions such as filtering, selection, or brushing (highlighting
a subset of data).

Gotz et al’® developed Dynamic Icons, or DICON, as a visu-
alization technique for exploring clusters of similar patients. By
applying algorithms to EHR data, they found clusters of patients
similar to the target patient. The user can interactively explore
the clusters represented as icons on a treemap. They found this
visual representation, a unique approach to visualization of
healthcare data, required time for users to understand. Once
users understood the design concept, however, the interface
provided functionality for rapidly analyzing the data using icons
that could be easily controlled.

Gotz and Wongsuphasawat®? * designed Outflow as a means
to look at disease progression paths based on the assumption
that the onset of a particular disease symptom applies perpetu-
ally, with common disease states among patients and transitions
between the states. Outflow allows users to look at a visual
display consisting of multiple events, their sequences, and out-
comes to quickly analyze the event sequences in order and
accurately identify factors most closely correlated with specific
pathways.

Wang et al report using LifeLines2 and sentinel event data for
subject recruitment to clinical trials."” They found using align-
ment, ranking, and filtering functions reduced user interaction
time when working with sentinel events. Its use for subject
recruitment was found to be questionable, however. Data in
medical records can be somewhat uncertain, making the
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timeline inaccurate. For example, a patient with a long-standing
diagnosis of asthma who visits a care provider for shortness of
breath may be coded as first being diagnosed with asthma on
that visit, even though the diagnosis of asthma was made previ-
ously. If a clinical trial includes patients diagnosed with asthma
within a certain time range, the patient would be excluded in
recruitment.

Fifteen studies address the use of temporal data.
Most articles describe interactive visualizations. All but two articles
focus on use of the visualizations for clinical decision support. The
two visualizations not used for decision support suggest use for
quality assurance and improvement.” >

Most studies that included an evaluation of the visualization
described the training of the user and training time. One study
reported training time of 6 min for its visualization, which used
radial displays with a body map in the center of the radius and
the relevant physiological parameters highlighted on the body
map.’® This was the shortest training time reported; the longest
was a half hour.*”

Although several ways to visualize EHR data are described, it
was difficult to discern if the data as described were actually
real-time data, or retrospective data or databases with predeter-
mined datasets. Some of the articles describe systems for data
visualization, for example, LifeLines2 and VISITORS. Others
use visualization techniques such as sequential displays,®’ ¢

3 1 36 3 e 3
treemaps,”® °° radial displays,®* 2 3% or icicle trees.*!

11 14-20 27 29 31-35

DISCUSSION

Although most studies recognize the importance of the growing
amount of clinical data, we found few innovative EHR visualiza-
tion techniques that lend themselves to the large amount of data
available electronically. Prior to 2010, seven publications we
reviewed employed different and innovative visualization techni-
ques with healthcare data; three of those describe LifeLines and
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three describe KNAVE-II/VISITORS. With the HITECH Act in

2009, national interest in EHRs was high, with increasing inter-

est in knowledge that might be discovered by using visualization

techniques applied to EHR data. Three studies on visualization
of electronic health data were reported each year in 2010 and

2011, and four in 2012. Data from 2013 are not inclusive since

our review was conducted in May—July 2013 (figure 4).

Several themes are common: the type of data accessible to the
user, meaningfulness of visualizing large amounts of data, usabil-
ity, and training time. Challenges from research to date can be
broadly categorized into four areas identified by Keim et a/*” in
other domains using very large, complex datasets: data (quality,
size, diversity), users (needs, skills), design (intertwining both in
a system that provides an easy way to visually explore and
analyze results), and technology (tools, infrastructure).

Research on EHR visualization provides some important
lessons on challenges that need to be addressed:

» The amount of EHR data and its display is a challenge; the
more data, the more difficult it is to see and identify mean-
ingful patterns in visualizations. Using tools such as zoom,
pan, and filter reduces some of the clutter, but the purpose
of the visualization will affect the use of such tools. If
researchers are to use entire datasets from EHRs to discover
information within the data, it will be necessary to develop
better ways to manage the massive amounts of data.

» The size and complexity of EHR data is a challenge. Color,
density, and filtering techniques are commonly used to distin-
guish variables or temporal events. Although scaling and
zooming have been used to resize data, none of the reported
techniques in the studies we reviewed discuss applicability to
an entire EHR dataset and the potential for knowledge dis-
covery in this very large composite dataset.

» The ability to use temporal data in visualizing aggregate data
from EHRs is important to users.

» Researchers need to be cognizant of the many variables that
can lead to uncertain data in EHRs; uncertain data can
distort temporal events.

» EHR data are complicated by missing values, inaccurate data
entry, and mixed data types that must be considered in devel-
oping visualization techniques.

» DPresenting a great deal of information in a single screen shot
where the user can interactively explore the information is
an important design feature.

» Users want to see both categorical and numerical data when
interactively exploring the data, and they like to look at the
detail in the record. This is challenging with visualizing an

Murisr Pollicatons
'

i
LN

extremely large amount of data in an EHR, but important

for user satisfaction.

» A normalization scheme is needed for aggregated numerical
data.

» The time it takes to learn the system is an important consid-
eration that is complicated by the complexity of the data
using visualizations that are different from those most clini-
cians and researchers are used to seeing, such as charts and
graphs.

» Training time to understand and effectively use the visualiza-
tion for its intended purpose should be considered when
developing visualization techniques. Training is usually the
user’s first introduction to visualization. The complexity of
the visualization and ways to navigate the display will
increase training time if it is not easy to explain or demon-
strate the functionality of the visualization.

Aigner et al have identified similar challenges working with
temporal data, which is inherent in EHR data: the complexity,
quality, diversity, and uncertainty of data; the interfaces and
roles of the users; and evaluation of quality and effectiveness of
the design.*® The interest and challenges in data analysis with
‘visual presentation and interaction technologies’ that can be
used with very large and complex datasets is universal.>’ The
ability to explore and gain a deeper understanding of the value
of ‘big data’ will encourage adoption of visualization techniques
in healthcare. Research focused on these challenges is needed if
we are to fully utilize EHR data for knowledge discovery.

Limitations

Although there are numerous articles published by Plaisant et al
and Shahar and Klimov that are related to the techniques incor-
porated in their specific visualizations (LifeLines/LifeLines2/
LifeFlow/EventFlow and KNAVE/KNAVE-II/ VISITORS), our
review was limited to those articles that were the primary publi-
cations describing the innovative visualization technique and its
application to electronic health data. By restricting our review
to a narrow segment of this literature, we may have inadvert-
ently eliminated meaningful details from our review.

Our search terms were intentionally broad; we eliminated
articles whose abstracts indicated the articles were more tech-
nical in nature, and we eliminated articles whose focus was on
geospatial representation. We may have obtained different
results had more specific terms been used.

Finally, there are books and book chapters that deal with visu-
alization of healthcare data. These types of publications are not
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included in our review, but may contain information relevant to
this review.

CONCLUSIONS

This study was conducted to determine the prevalence of the
use of information visualization for EHR data, what techniques
have been used, and what research has taught us to date.
Although there is increasing interest in visualization of elec-
tronic healthcare data, few techniques have been found to
effectively and efficiently display the large and complex data in
EHRs.

The new buzzword in healthcare is ‘big data’, often used in
conjunction with data analysis. Most studies have found that
visualization of EHR data requires techniques that will handle
not only ‘big data’, but the temporal complexity of constantly
changing variables found within EHR data. Disciplines such as
computer science, engineering, and genetics have developed
visualizations to improve presentation, analysis, and understand-
ing of data. The healthcare provider community has not yet
taken advantage of these methods or significantly explored the
use of new visualization techniques to accelerate the use and
understanding of EHR data. We have identified important find-
ings reported in the literature that can help guide future
research needed to explore, refine, and retest visualization tech-
niques. Only then will stakeholders begin to take advantage of
the wealth of knowledge within EHR data.
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Abstract

Diabetes mellitus is a chronic long-term disease requiring consistent medical treatment to achieve glucose control
and prevent complications. Time of diabetes diagnosis can be variable and delayed years beyond disease onset.
The spectrum of glycemic trajectories for a general population over an entire diabetes disease course is not well
defined. Aligning disease course on death enables coherent data visualization. Our temporal visualization tool uses
a parallel-sets inspired technique that illustrates the complicated and varied trajectories of hemoglobin Alc levels
for a general diabetic population. A consistent glucose normalization trend for the majority of patients is seen over
the course of their disease, especially in the six months prior to death. This tool permits discovery of population-
level Hemoglobin Alc trends not otherwise evident without disease phase synchronization. These findings warrant
further investigation and clinical correlation. Visualizations such as this could potentially be applied to other
chronic diseases and spur further discoveries.

Introduction

Diabetes mellitus is a chronic disease that affects millions worldwide, resulting in numerous cardiovascular and
renal complications, and subsequently is a major cause of death. Age of onset, duration of diabetes, and poor
glycemic control are well-defined risk factors for the development of complications associated with increased
mortality in persons with diabetes mellitus.' To decrease the development of complications associated with diabetes,
tightly controlled glucose is the standard of care.” Notably some large prospective trials have found either worse
outcomes or lack of benefit for some patients at high risk for complications under tight treatment control regimens.**
Hemoglobin Alc (HbAlc), a marker of glucose control over the two to three months preceding the test, is a
validated predictor of diabetes-related complications.” Using HbA ¢ to understand trajectories and temporal patterns
of glycemic control over an entire diabetes disease course could be an important factor in improving treatment and
reducing overall complications.

Data visualization techniques offer opportunities to explore large datasets and identify clinical patterns that might
otherwise not be obvious. In this study we present a cohort of patients with diabetes (via ICD9 codes) from Duke
University’s data warehouse, visualizing their HbAlc levels over time, aligned by death, to explore trends of
glycemic control. To the best of our knowledge, temporal visualization of glycemic control for a diabetic population
standardized on death has not previously been presented. Our visualization groups HbAlc values into ordered
categories of glycemic control (Normal, Borderline, Controlled, and Uncontrolled), utilizing a method based on
parallel sets’ and Sankey diagrams® to view temporal patterns in HbAlc values. We incorporate a number of
features to facilitate interactive data exploration, such as viewing the progression of values either forwards or
backwards in time, the ability to change the temporal sampling and range of the data being viewed, highlighting of
multiple subpopulations, coloring based on the category along each path in the data or at the beginning/end of each
path, and the incorporation of demographic data, such as gender.

Related Work

Analysis of diabetes indicators

A reduction in HbAlc levels lowers the risk of diabetes-related complications and mortality, especially for patients
earlier in their disease course.” Counterintuitively, intensive treatment of glucose to reach near-normal levels for
patients already experiencing diabetes-related complications has failed to lower all-cause mortality.” While large
cross-sectional studies of populations such as the National Health and Nutrition Examination Survey find a temporal
trend toward improving glycemic control over time, less well-established is the temporal trajectory of glycemic
control for diabetic patients in general.® The only other work the authors are aware of looking specifically at
glycemic control trajectories for a large diabetic cohort followed patients prospectively to the end point of death.’
The study correlated initial glucose control to outcome of death, but did not report specifically on the population
glucose trajectories.
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Visualization methods

Our visualization tool is based on parallel sets’ and Sankey diagrams.® Parallel sets were originally developed for
visualizing relationships in multivariate categorical data, whereas Sankey diagrams, introduced by M. H. P. R.
Sankey, are typically used for describing the flow of quantities such as energy, material, or cost. The original
parallel sets user interface enables user-defined classification definitions, statistical analysis information, and
various sorting methods. Parallel sets combines the concepts of parallel coordinates'® and mosaic plots'', enabling
an aggregation of data points within visualization elements, as opposed to showing each individual element, which
is typical of parallel coordinates. Multiple systems aggregate data points for summary.>'>* For example, EventFlow
enables the search and visualization of interval data, such as periods of medication treatment, to examine the order
of sequences of events in the data.'> OutFlow facilitates analyses of temporal event data in the form of pathways
with relevant statistics.'* All of these visualization tools look at event occurrences and their order, without placing
these events on time axes. Our diabetes visualization uses the parallel sets paradigm, with each axis representing a
temporal sample of HbAlc levels instead of a separate variable, similar to von Landesberger et al."* Although our
current dataset is relatively small (121 patients), we chose a parallel sets representation in part due to its ability to
aggregate many data points. The visual complexity is bounded by the number of axes and categories per axis, not by
the number of data points, making it suitable for the exploration of larger datasets in the future. This representation
also easily incorporates additional non-temporal variables, such as demographic data.

Methods

Data extraction and preprocessing

Data from Duke University’s data warchouse were extracted using DEDUCE, an on-line query tool developed at
Duke to assist researchers in human subjects research and departments seeking quality improvement data.'’
Beginning with over 4.4 million patients, we first queried by 23 IDC9 codes for diabetes mellitus, with and without
complications. The query was further refined by querying on patient death indicator and laboratory tests for
glycosylated hemoglobin (HbAlc), and finally by including only patients prescribed anti-hyperglycemics. This
search returned data from 208 patients. From this cohort of 208, we eliminated four that did not have a year of death
recorded, one whose date of death was documented but continued to have laboratory results recorded after that date,
and 82 who did not have at least 10 years of HbAlc laboratory values. Our final cohort includes data from 121
patients.

We average HbAlc values, given as a percentage of total hemoglobin, over 6 month time intervals. In the case of
missing HbAlc values within a 6 month period we first attempt to impute an HbAl¢ value from the average glucose
(AG) values over that period of time, via the formula HbAlc = (AG + 46.7) / 28.7."° If no glucose values exist in
that time period, the previous HbAlc value (measured or imputed) is carried forward. HbAlc values are then
classified into four categories based on the severity of diabetes: Normal < 5.7, Borderline [5.7, 6.5), Controlled [6.5,
8), and Uncontrolled > 8.

The sampled data is time-aligned by the death event for each patient. The visual representation of diabetes
progression propagates backwards in time initially. Time is represented as number of years before death.

Visualization

Our visualization tool was developed using the D3 Javascript library.'” The aim of this visualization is to investigate
temporal trajectories of HbAlc levels for a large cohort of diabetes patients over a number of years prior to death.
Since parallel sets is effective for showing relations between categories using aggregated frequencies of paths
through categories at each dimension, it is a reasonable choice for showing HbAlc summary trajectories. The
visualization tool shows a total of five categories: four representing glycemic control, and one optional Missing
category for patients with data greater than 10 years before death. . Each vertical axis is a time step. The user can
choose the frequency of these time steps, with a minimum sampling frequency of six months. The user can also
select the maximum number of years before death.

The death event axis is placed at the right with all other time steps moving backwards in time to the left (Figure 1).
Each vertical axis is split into the four HgAlc categories (Normal in green, Borderline in blue, Controlled in orange,
and Uncontrolled in red), and a Missing category in grey prior to 10 years before death. The height of each axis
category represents the proportion of the patients in that category at that point in time. Paths moving between axes
recursively split moving backwards from death to show the trajectories of similar groups of patients. The
visualization can show trends either starting at the death event i.e. going backwards in time (dividing
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Figure 1. Diabetes progression overview visualizations. The top image colors paths by the current HbA1c at each
time step, which is useful for emphasizing overall temporal trends. The bottom images colors paths by the HbA1c
level at death, showing at each time step where each path will end.

recursively right to left), or starting at the last year in the visualization, i.e. going forward in time (recursive division
from left to right). Going backwards and coloring by death shows at any time point the relationships between
patients in a given category and their categories at death, while going forward in time shows the relationship
between patients in a given category and their categories at a user-defined earlier point in time (Figure 2). Following
Shneiderman’s Mantra'® of first overviewing and then filtering, the user can highlight one or more groups of patients
by clicking on categories or trajectories to highlight the behavior of that group of patients going backward and
forward in time, reducing visual clutter (Figure 2). A tooltip also shows the actual number of patients in each group
and their percentage of the total population.

Figure 2. A 10-year range of data, sampled every two years, with forward propagation to show how the trajectories of
patients change moving forward in time (left). Highlighting enables a focused view of a single category, reducing
visual clutter (right).
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The user can also chose between different types of coloring schemes for the paths: 1) color by the category at the
first or last year (depending on the propagation direction), which shows the level of variation for a category over the
length of the visualization, 2) color by transition, where the transition has a gradient from the source to target
category color, which is useful for showing overall trends, and 3) color by reverse transition, where the transition
path has a gradient from the target category to the source category, which is useful for category-level analysis of the
distribution of source and target categories at a particular time step’s category (Figure 3). To reduce visual clutter
there is also an option to look at only static transitions (i.e. no change in category between time steps), and to look at
only variations (i.e. only changes in the categories).

Figure 3. The user can observe separate groups by selecting individual trajectories. In addition to coloring by the
starting category, paths can be colored by a gradient from source to target category (left), which redundantly encodes
the category at each axis to emphasize overall trends, or by target to source category (right), which enables a rapid
analysis of where paths are moving to/from at each category. The circled regions highlight this difference. On the
right, it is immediately obvious what category this trajectory came from at death (Normal in green) and how this group
is distributed at the previous time step.

We also include the ability to incorporate demographic data, such as gender, as additional axes (Figure 4). This
feature enables the comparison of trajectories for different subpopulations based on data other than just HbAlc
levels.

Figure 4. By adding a gender axis and selecting two groups we can compare the variability of males who were
Uncontrolled at death (olive) to women who were Uncontrolled at death (purple). Men appear to have more variability
over the 5-year period being visualized, as shown by the large number of transitions between different categories.

Findings

In the 10 years before death, there is a consolidating trend to improved glucose control across all diabetes control
categories from uncontrolled to normal. Overall diabetes control shifts from uncontrolled diabetes for 46% of the
cohort to 25% at death utilizing HbAlc and imputed glucose values. A reciprocal increase in combined borderline
and normal range glucose control goes from 25% at 10 years out to 57% at death (Table 1). The trend for better
glucose control is most visible in the last six months before death. The overall final glycemic trajectory is also
evident in the bottom image from Figure 1 where the control category at death is colored retrospectively. Notably a
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small minority of the uncontrolled sub-group remains poorly controlled over the entire disease course. By including
category temporal transitions this visualization also illustrates the complexity of the underlying data, with many

trajectories exhibiting a large degree of variation in HbAlc categorization over time.

Table 1. Percent of patients by Diabetes control category over 10 years prior to death using HbA1c with imputed

glucose results.

Glycemic Control by HbAlc -10 years years to death -5 vears years to death At Death
Uncontrolled Diabetes 46 % 39 % 25 %
Controlled Diabetes 32 % 39 % 19 %
Borderline 5% 11 % 12 %
Normal 17 % 12 % 45 %
Discussion

The progression of diabetes with accumulating end organ complications is well recognized. There is a clinical
presumption that diabetes-related complications are also associated with worsening glycemic control for patients
with end stage diabetes mellitus. Since most prospective cohort studies are organized by a patient’s clinical
presentation, treatment or demographics, they tend to be cross sectional studies of a population and include patients
across a disease continuum. By creating a cohort organized by a death criterion with 10 or more years of diabetes
lab data, we have sub-selected a general but presumably more ill diabetic population. Phasing HbAlc values by
death allows data coherence that translates into the visualization of glycemic trajectories that would be less evident
in cross sectional studies of diabetic patients. Understanding the course of diabetes control is important to discerning
differences in outcomes, treatments and identifying sub-phenotype populations.

Death event as an organizing point for temporal data visualization permits a clear starting point to observe the
course of medically treated diabetes. Cause of death is not defined, so further characterization of subpopulations
visualized in the cohort, like the always uncontrolled diabetes subgroup, warrants further clinical investigation to see
if they are representative of the cohort overall. All patients in this cohort had data for at least 10 years, as such our
population is specific for patients under some manner of regular medical care, and interpretation of the data with
respect to populations with less regular medical care should be limited. Using the imputed average glucose and
average HbAlc values aligned on the cohort’s endpoint enables capture of all glycemic values, including those
potentially before even the diagnosis of diabetes is made.

We observed a trend to normalization of HbAlc in the last year of life. The reasons behind improved diabetes
control near the end of life could include multiple factors, such as increased insulin half-life due to impaired renal
and hepatic metabolism, decreased dietary intake related to anorexia or nausea, and falsely low HbA1lc secondary to
uremia or anemia.'” Interestingly, the goals for end-of-life treatment in diabetic patients are generally to limit side
effects of either hyper or hypoglycemia and often entail a scaling back of treatment which would be expected to be
associated with more hyperglycemia not less. By using visualization tools to see the progression of HbAlc values in
diabetic patients in the years before their death, our findings of glucose normalization in light of this paradigm
highlight the need for further clinical investigation and interpretation.

Our data visualization tool displays temporal patterns of diabetes metric across a population and for the last years of
this disease continuum. Tools such as these can only display patterns that can potentially illuminate findings that
need further clinical validation and statistical investigation to determine clinical significance if any.

Future work

The visualizations we have shown here represent a small number of patients in the dataset. This has enabled us to
test and refine the visualization before using large amounts of data. Next we will include diabetes-related co-
morbidities, e.g. cardiovascular, neurological, and renal manifestations of prolonged diabetes illness, and additional
demographic variables, e.g. age and ethnicity. We plan to link this temporal visualization to other multivariate
visualizations highlighting selected groups of patients, helping to show factors related to diabetes. We are also
working toward a better statistical analysis of the data, and its representation in this tool. In particular, we wish to
incorporate information regarding the amount of imputed and extrapolated data in the visualization.
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Conclusion

Exploring the natural disease course of diabetes control with data visualization tools permits identification of
potentially clinically important trends that would be difficult to recognize otherwise. Further investigation and
definition on the clinical significance of the normalization of HbAlc in the final years of life are warranted.
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Abstract

We present radial coordinates, a multivariate visualization technique based on parallel coordinates. The
visualization contains a number of features driven by the needs of health-related data analysis, such as integrating
categorical and numeric data, and comparing user-selected subpopulations via ribbon rendering. We illustrate the
utility of radial coordinates by exploring primary care trust (PCT) and practice-level data from the United
Kingdom’s National Health Service, using three examples: lung cancer rates among PCTs, various cancer rates
among only London suburb PCTs, and medical problem prevalence among over 1500 London practices.

Introduction

With the ever-increasing size and number of health-related datasets, new analytical tools are becoming necessary to
enable enhanced understanding of the vast amount of information contained within. Visualization leverages the
power of the human visual system to reveal patterns and relationships in data by mapping the data to visually salient
features.

One of the challenges for visualization of health-related data is the desire to incorporate data of many types (e.g. lab
results, demographics, medications, vital signs, and genomic data) from various sources. We have developed a
multivariate visualization technique, radial coordinates, that enables visual analysis of a wide range of health-related
datasets and handles both numeric and categorical data (Figure 1). Radial coordinates facilitates the interactive
exploration of datasets to reveal patterns in the data, discover relationships between variables, and compare user-
defined subpopulations. In this manner we support the pursuit of hypothesis formations that can elicit further inquiry
and lead to new knowledge.

An overview of an initial radial coordinates prototype applied to query data was given previously.' In this paper we
provide a more in-depth description of the various features of a new implementation, which includes several new
features, and discuss its application to primary care trust (PCT) and practice-level data from the National Health
Service (NHS) in the United Kingdom (UK). We present three examples illustrating the use of radial coordinates to
explore the NHS data: lung cancer rates among PCTs, a comparison of various cancer rates among London suburb
PCTs, and medical problem prevalence among over 1500 London practices.

Previous Work

Our visualization is based largely on parallel coordinates, a multivariate visualization technique which represents
each dimension as a parallel axis, and each data entity as a line connecting the entity’s value at each axis.’ Non-
parallel arrangements of axes have also been investigated.* Our radial coordinates arrangement differs in that the
radial layout maintains a square aspect ratio even with many axes, and enables utilization of the space in the center
of the radial layout. Parallel coordinates have been combined with various other visualization techniques®”,
including direct integration of scatter plots.*” In our visualization we include a scatter plot based on the first two
principal components to enhance the ability to find clusters in high-dimensional data in an intuitive manner (Figure
la). Future work will explore combinations with other techniques. We also incorporate chords representing the
correlations between axes in a manner similar to Circos.'’ Extensions to parallel coordinates for incorporating
categorical data include parallel sets'' and hammock plots.'? Both represent multiple data points as paths between
axes, with the number of data points encoded as path width. Our curve spreading technique incorporates categorical
and continuous data while still enabling the visualization of individual data points (Figure 2). Various techniques
have been developed to combine multiple data points to enhance the understanding of large datasets'>'* and observe
clusters via edge bundling techniques.">'® Our ribbon rendering technique enables enhanced visualization of user-
selected data points, including overlaying information of statistical data (median value and quartile ranges) of
interest to the health-care community (Figure 1b). Axis ordering is an important element of parallel coordinates
visualizations, as it is typically easier to notice relationships between variables with adjacent axes.'”'” We employ a
correlation-based clustering technique and also introduce dynamic reordering of categorical axis values to cluster
similar values based on user-defined selections (Figures 3c, 3d).
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Methods
Data

PCTs, abolished in 2013 due to NHS reorganization, were regional administrative bodies in the UK responsible for
commissioning health services from providers and providing community health services. Here we investigate 26
variables measuring various health and socioeconomic factors for 147 of the 152 PCTs in England (five were
removed due to missing data). Health factors include cancer rates, drug prescription rates, and factors related to
diabetes prevalence and treatment. Socioeconomic factors include socioeconomic deprivation, economic output,
geographic region, and local region classification (e.g. Manufacturing Towns and Coastal and Countryside) from the
Office for National Statistics (ONS).

We also demonstrate our visualization with data showing the prevalence of a number of medical problems (e.g.
diabetes, dementia, and obesity) in the 1504 practices in the London strategic health authority (SHA). There were
ten SHAs in England from 2006-2013.

Visualization

The radial coordinates visualization, implemented using the D3 JavaScript library™, represents each variable in a
multivariate dataset by an axis, with the axes arranged radially around a circle. Each individual entity is represented
by a curve that connects the value of that entity at each axis. Figure 1 gives an example applied to PCT data, with
four PCT curves highlighted in red by the user.

Figure 1. Radial coordinates visualizations of NHS PCT data. User-highlighted curves (red) enable the comparison
of four PCTs across multiple variables (a). A linked scatterplot of the first two principal components can help show

clusters in high-dimensions (al). Chords connecting axes represent correlations (positive: red, negative: blue) above
a user-defined threshold (a2). Ribbon rendering enables a simplified representation of user-defined subpopulations,

displaying the data range optionally overlaid with median value and inner quartile ranges (b). Mouse over of an axis
shows all correlations with that axis, regardless of user-defined threshold (b).

User selection of individual curves enables a visual comparison of how different entities relate across the various
axes. A radial layout elegantly handles large numbers of axes while maintaining a square aspect ratio, also enabling
the use of the center of the layout for supplemental visualizations, such as axis correlation chords and a scatterplot of
the first two principal components (Figure 1a). Ribbon rendering uses a sliding window algorithm to draw the area
between the innermost and outermost boundary of selected curves in a semi-transparent solid color, making it easier
to see the spread of each subpopulation. An optional summary statistic overlay shows the inner quartile range and
median value of each subpopulation (Figure 1b). Other visualization features include data-type dependent axis
distribution visualizations and curve spreading for categorical and discrete data (Figure 2).
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Figure 2. A sample data set without (a) and with (b) data-type dependent axis distribution visualizations and curve
spreading. Axis distribution visualizations represent categorical axes as a stacked bar chart, discrete numeric axes as
a histogram, and continuous numeric axes as a quartile plot>', enabling rapid evaluation of the data type and overall
distribution of the data for each axis. Curve spreading for categorical and discrete axes enables improved
visualization of individual curves and clusters of curves, such as the number of data points with a Categorical value
of Cat 1 and a Discrete value of three (highlighted in blue).

Results
Lung Cancer Prevalence

In Figure 3 the user has clicked on the lung cancer rate axis (lung Combined DSR), causing PCTs in the upper
quartile of lung cancer rate to be automatically colored red, and the lower quartile blue. High and low lung cancer
rates can now be compared across all dimensions in the data (Figure 3a). In the upper portion of the visualization it
is apparent that PCTs with high and low lung cancer rates also tend to have high and low values for extent,
average_score, average rank, and local concentration (also indicated by the correlation chords connecting these
axes), which represent measures of social deprivation (poverty rate, socioeconomic status, etc.)

Figure 3. Visualization of lung cancer rates (red = upper quartile, blue = lower quartile) in 147 primary care trusts
(PCTs) in the UK. High and low lung cancer rates tend to cluster based on regional classification (b), made clearer
with automatic categorical axis reordering to cluster similar regions (c, d).
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The red and blue curves also form clusters on the ONS Area Class Group axis, a local region categorization from
the ONS. Investigating this axis (Figures 3b-d) shows that Industrial Hinterlands, Centres with Industry, Regional
Centers, and Manufacturing Towns all have high lung cancer rates, whereas Prospering Smaller Towns, Prospering
Southern England, London Suburbs, and Thriving London Periphery all have low lung cancer rates. The discovery
of such relationships via exploring the data visually drives the formation of causal hypotheses (e.g. pollution levels
or smoking prevalence), which can be investigated further.

London Suburb Comparison

In Figure 4a a single PCT, Harrow, was seen to have the lowest lung, bladder, and colorectal cancer rates compared
to all other PCTs, and has been highlighted in red. Harrow is classified as a London Suburb, so in Figure 4b the user
has highlighted the other London suburbs in blue for comparison, made easier in Figure 4c via ribbon rendering.
Harrow is shown to have a much higher value for the oesophageal Combined SRR axis, and thus a much higher
esophageal cancer rate, than the other London suburbs, which are almost all in the lower quartile. This visualization
raises the question of why Harrow has such a disparity in the rates of different cancers.

Figure 4. The Harrow PCT (red) has the lowest lung, bladder, and colorectal cancer rates (circled) among all 147
PCTs in the NHS dataset (a). Comparing Harrow to the other London suburbs (blue) reveals that Harrow has a much
higher esophageal cancer rate (circled) than the other suburbs (b). Ribbon rendering makes it easier to visually
compare Harrow with the other London suburbs (c).
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According to the 2011 Census™ Harrow is very diverse, with 63.8% of its population from the Black and Minority
Ethnic communities, including the highest concentration of Sri Lankan Tamils and Gujarati Hindus in the UK and
Ireland. India is known to have relatively low cancer rates in general, but some of the highest rates for oral and
esophageal cancers in the world®, which may help explain this phenomenon. Although further analysis is necessary,
this example shows the utility of radial coordinates and ribbon rendering to compare subpopulations.

Practice-Level Data

Figures 8a and 8b show the prevalence of various medical problems (e.g. diabetes, dementia, and obesity) in the
1504 practices in the London strategic health authority (SHA). Figure 8a highlights in red two practices that appear
to be outliers in the PCA scatterplot. Ribbon rendering makes apparent that they have the two highest prevalences
for 12 of the 21 medical problems represented in the data. Figure 8b applies ribbon rendering to the remaining 1502
practices, making it easier to compare maximum and minimum values of medial problem rates for the two
subpopulations.

Figure 8. Two out of the 1504 practices in the London SHA, highlighted in red, have the two highest prevalences
for 12 of the 21 medical problems represented in the NHS practice-level data (a and b). Comparing the PCTs
containing these practices (red) to all other London PCTs (blue) does not reveal any major differences (c).

The two practices highlighted in red are Royal Hospital Chelsea in the Kensington and Chelsea PCT, and
Nightingale House in the Wandsworth PCT. Because these two practices stood out so dramatically in the practice-
level data, the user performed a PCT-level comparison of all London PCTs (Figure 8c). Interestingly, the
Kensington and Chelsea and the Nightingale House PCTs (red) do not appear very different when compared to the
other London PCTs (blue). Further research determined that Royal Hospital Chelsea is a retirement and nursing
home for British soldiers and Nightingale House is a nursing home for the Jewish community that specializes in
dementia, which may explain the high prevalence of problems such as dementia, hypertension, stroke, heart failure,
and cancer in these two practices.

Conclusion

We have presented radial coordinates, a multivariate visualization technique based on parallel coordinates that
incorporates features, such as per-axis population distribution visualizations based on data type (continuous,
discrete, and categorical), direct visualization of correlations between variables, curve spreading for discrete and
categorical data, visualization of summary statistics for user-selected subpopulations via ribbon rendering, and
automatic reordering of categorical values based on user selection, driven by the needs of health-related data
visualization.

We have applied radial coordinates to data from the UK’s NHS at both the PCT and individual practice levels.
Visualization of lung cancer rates among PCTs discovered possible relationships among lung cancer rate,
socioeconomic factors, and regional classification. A comparison of London suburb PCTs revealed a potentially
interesting PCT with a much higher esophageal cancer rate than other similar PCTs. Visualizing medical problem
prevalence among over 1500 London practices showed two practices that have much higher rates of many medical
problems. These examples illustrate the utility of the combination of visualization techniques embodied in our radial
coordinates tool, and underline the need for further research in the use of visualization to aid in the analysis of
complicated health-related datasets.
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Introduction

In this demonstration we present a visualization tool for a cohort of patients with diabetes (via ICD9 codes) from
Duke University’s data warehouse, visualizing their Hemoglobin Alc (HbAlc) levels over time, aligned by death, to
explore trajectories of glycemic control. To the best of our knowledge, temporal visualization of glycemic control
for a diabetic population standardized on death has not previously been presented. Our visualization groups HbAlc
values into ordered categories of glycemic control, utilizing a method based on parallel sets and Sankey diagrams to
view temporal patterns in HbAlc values. We incorporate a number of features for interactive data exploration like:
viewing the progression of values either forwards or backwards in time, highlighting multiple subpopulations,
coloring based on the category along each path in the data or at the beginning/end of each path, and the
incorporation of demographic data, such as gender.

Methods

Data from Duke University’s data warehouse were extracted using DEDUCE, an electronic health record (EHR)
query tool developed at Duke University. The final cohort includes data from 121 patients with diabetes mellitus
(with and without complications), a death indicator, prescribed antihyperglycemics, and at least 10 years of HbAlc
laboratory values. We average HbAlc values over 6 month time intervals. In the case of missing HbAlc values
within a 6 month period, we first attempt to impute a HbAlc value from average glucose (AG) values over that
period of time if available, otherwise the previous HbAlc value (measured or imputed) is carried forward. HbAlc
values are then categorized based on the severity of diabetes: Normal < 5.7, Borderline [5.7, 6.5), Controlled [6.5,
8), and Uncontrolled > 8. The sampled data is time-aligned by the death event for each patient. The visual
representation of diabetes progression propagates backwards in time initially. Time is represented as number of
years before death in six month increments.

() (b)
Figure 1. Diabetes progression visualizations without and with a gender axis: (a) Overview visualization with paths
colored by the current HbAlc at each time step, useful for emphasizing overall temporal trends. (b) Adding a gender axis
and selecting two groups, we can compare the variability of males who were Uncontrolled at death (olive) to women who
were Uncontrolled at death (purple). Men appear to have more variability over the 5-year period being visualized, as
shown by the large number of transitions between different categories.

Our visualization tool was developed using the D3 JavaScript library. The aim of this visualization is to investigate
temporal trajectories of HbAlc levels for a large cohort of diabetes patients over a number of years prior to death.
Parallel sets is chosen for showing HbAlc summary trajectories. Each vertical axis is a time step. The user can
choose the frequency of these time steps, with a minimum sampling frequency of six months, and also the maximum
number of years before death. The death event axis is placed at the right with all other time steps moving backwards
in time to the left (Figure 1). Each vertical axis is split into the four HbAlc categories (Normal in green, Borderline
in blue, Controlled in orange, and Uncontrolled in red), and a Missing category in grey (for patients with more than
10 years of data). The height of each axis category represents the proportion of the patients in that category at that
point in time. Paths moving between axes recursively split, moving backwards from death to show the trajectories of
similar groups of patients. The visualization can show trends either starting at the death event, i.e. going backwards
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in time, or starting at the last year in the visualization, i.e. going forward in time. The user can highlight one or more
groups of patients by clicking on categories or trajectories to highlight the behavior of that group of patients going
backward and forward in time, reducing visual clutter (Figure 2). We also include the ability to incorporate
demographic data, such as gender, as additional axes (Figure 1). This feature enables the comparison of trajectories
for different subpopulations based on data other than just HbAlc levels.

Figure 2. A 10-year range of data, sampled every two years, with forward propagation to show how the trajectories of
patients change moving forward in time (left). Highlighting enables a focused view of a single category, reducing visual
clutter (right).

The user can also chose between different types of coloring schemes for the paths: 1) color by the category at the
first or last year (depending on the propagation direction), which shows the level of variation for a category over the
length of the visualization; 2) color by transition, where the transition has a gradient from the source to target
category color, useful for showing overall trends; and 3) color by reverse transition, where the transition path has a
gradient from the target category to the source category, useful for category-level analysis of the distribution of
source and target categories at a particular time step’s category (Figure 3). To reduce visual clutter, there is also an
option to look at only static transitions (i.e. no change in category between time steps), and to look at only variations
(i.e. only changes in the categories).

Figure 3. In addition to coloring by the starting category, paths can be colored by a gradient from source to target category
(left), which redundantly encodes the category at each axis to emphasize overall trends, or by target to source category
(right), which enables a rapid analysis of where paths are moving to/from at each category. The circled regions highlight
this difference. On the right, it is immediately obvious what category this trajectory came from at death (Normal in green)
and how this group is distributed at the previous time step.
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